ABSTRACT
INTRODUCTION
To deal with the challenges of rising global competition, the European Union has set itself goals with respect to formal training and informal learning in the workplace to 'acquire and develop new skills throughout the lifetime of individuals' and increase their productivity (European Commission 2010:16) . This idea that lifelong learning improves workers' skills builds on human capital theory (Mincer, 1962; Becker 1964; Ben-Porath, 1967; Heckman, 1976) . Several empirical studies have shown that job-related training is associated with higher wages and productivity (e.g. Acemoglu & Pischke, 1999; Blundel et al., 1999; Leuven & Oosterbeek, 2008; Görlitz, 2011) . However, due to lack of data on skill development, there is hardly any empirical literature on the contribution of different forms of human capital investments to workers' skill development.
In this paper, we provide more insights into the relevance of the assumption that the productivity of training is driven by the improvement of workers' skills. We analyse the extent to which work-related learning is related to the skill development of workers in 28 European countries.
We thereby distinguish between formal training participation and informal learning on the job and examine whether the substitution or complementarity between these two types of learning plays a role in workers' skill accumulation. To better understand these relationships, we allow for heterogeneity with regard to employee skill mismatch at job entry. 1 The 2014 European Skills Survey shows that, at the start of a job, a significant proportion of the labour force in Europe has skills that either exceed the demands of their job or are insufficient for adequate job performance: 24 percent of all workers report that some of their skills were initially lower than what was required in their job, whereas 25 percent report that their skills were initially higher than required. In comparison with well-matched workers, those who are underskilled, on the one hand, probably need more training or informal learning on the job to perform at an adequate level.
We therefore expect job-related learning to add more to these workers' skill level. On the other hand, workers who are overskilled could be more likely to have other reasons to engage in job-related learning, such as keeping their skills up-to-date, which might not reveal skill improvement as such.
Because of these differences in the degree of workers' skill utilisation on the job and in the underlying reasons for participating in job-related learning, the skill development of initially mismatched workers is expected to differ from that of workers whose skills fully matched the skill demands in their job.
For this study, we use data on more than 37,000 employees from the European Skills Survey, conducted in 2014 by the European Centre for the Development of Vocational Training (Cedefop).
This survey is one of the first in which different types of job-related learning as well as employees' skill development and mismatch are measured. Although these data are not sufficient to establish causality, we provide relevant empirical evidence on the expected relationship between different forms of workplace learning and employee skill accumulation, which has, until now, been a black box in the empirical human capital literature that has mainly focused on workers' wages (De Grip & Sauermann, 2013) .
Our study contributes to the literature in three more ways. First, whereas most empirical studies focus on training participation, we are able to differentiate between formal training and informal learning to investigate in more detail the extent to which workers' participation in different forms of work-related learning contributes in the improvement of their skill levels. Second, we provide more insights into the complementarity between training and informal learning on the job by analysing their interaction in the development of workers' skills. Third, we examine the heterogeneity of the relationships between training and informal learning and workers' skill development with respect to the initial job-worker mismatch status.
In line with the hypotheses derived from skills production models, we find that employees who participate in training or who are more often involved in informal learning show greater skill improvement. The relationship between informal learning on the job and employees' skill development appears to be stronger than that between training participation and skill development.
Nonetheless, there is complementarity between these two forms of work-related learning. This complementarity seems to favour skill development since we find that workers who participated in both training and informal learning show significant additional improvement of their skills. This finding is consistent with the notions of the complementarity and cross-productivity of human capital (Cunha & Heckman, 2007) in an on-the-job context. We also find that skill mismatches induce heterogeneities and moderate the previous outcomes. Thereby, we find that well-matched, underskilled, and overskilled employees differ in the extent to which investments in training and informal learning -and their complementarity -are associated with the accumulation of their skills during their working life. A stronger relationship between work-related learning and skill development suggests that initially underskilled employees benefit the most from both training and informal learning, whereas overskilled employees benefit the least. Human capital investments in the latter group seem to be more functional in counteracting skill depreciation and maintaining their skill level than in fostering skill accumulation, as suggested by literature on skill obsolescence (e.g. De Grip & van Loo, 2002) . Our study then suggests that being employed in a skill-challenging job or a job that underutilises a worker's skills has important implications on the returns to investment in both training and informal learning.
We also analyse the contribution of different types of training and informal learning to workers' skill development. We find that, among well-matched and underskilled employees, training during working hours and training paid by the employer are more strongly related to workers' skill development than training outside working hours and training paid by the employee. Among overskilled workers, however, these differences are rather small and statistically insignificant. With respect to informal learning, we find that, for workers in well-matching jobs, informal learning from colleagues and supervisors seem to contribute to their skills as much as informal learning by trial and error and self-study. Underskilled workers, however, show greater skill improvement when learning by self-study. In contrast, overskilled workers seem to benefit more from informal learning by trial and error and learning from colleagues and supervisors than from self-study, which appears to be insignificant for their skill improvement.
The remainder of the paper is structured as follows. Section 2 discusses the relevant literature.
Section 3 describes the dataset and the definitions of skill development and skill mismatch as well as the other variables used in the analyses. Section 4 describes the estimation method we use -ordered probit models with interaction effects -and explains how to interpret the results. The results are presented in Section 5. Section 6 concludes the paper.
LITERATURE

Human Capital Investments and Skill Development
Human capital theory considers on-the-job learning an investment that increases workers' productivity and wages via the accumulation of skills (Mincer, 1962; Ben-Porath, 1967; Becker 1964; Heckman, 1976) . First, at the individual level, most of the empirical literature deals with the relation between training and wages, since hard measures of individual productivity are rare (Acemoglu & Pischke, 1999; Blundel et al., 1999; Leuven & Oosterbeek, 2008; Görlitz, 2011; O'Connell & Byrne, 2012 ). An exception is the study of De Grip and Sauermann (2012) , who assess the effects of job-related training on individual performance by means of a field experiment. Second, at the firm level, most studies focus on the relation between average training participation and firm productivity as measured by value added (Bartel, 1994 (Bartel, , 2000 Lowenstein & Spletzer, 1998; Barrett & O'Connell, 2001; Dearden et al., 2006; Sepulveda, 2010) . However, due to lack of data, the empirical question whether training and informal learning affect workers' performance by increasing workers' skills or whether the performance increase is attributable to other factors still remains (De Grip & Sauermann, 2013) .
There is one exception. Green et al. (2001) analyse training on and off the job as a determinant of skills supply. Using the British Skills Survey, the authors find that off-the-job training is a determinant of all types of skills included in their analysis except team working, whereas on-the-job training contributes only to workers' problem-solving and team-working skills. However, Green et al. (2001) measure tasks rather than skills by using information on the importance of workers' particular job activities as the dependent variable. Furthermore, their skills measure refers only to one point in time, which does not allow for analysing workers' skill development over time. Moreover, due to lack of data, the authors cannot explore the contribution of informal learning to skill formation.
One of the main tenets of our paper is that the skills individuals can accumulate by learning on the job are acquired not only by formal training but also by informal learning. Early support for this idea can be found in Mincer (1974) , who claimed that on-the-job informal learning probably constitutes the essential part and the major human capital investment in the workplace. Empirical studies such as those of Levitt et al. (2012) and Destré et al. (2008) have, respectively, shown that 5 learning by doing and learning from others are significantly important in explaining workers' earnings and firm productivity. However, due to data limitations and the assumption in standard models that experience absorbs the work-related learning effect, there is hardly any empirical evidence that informal learning on the job is positively related to workers' skill improvement or productivity.
Last but not least, human capital literature indicates that there could be direct complementarity and cross-productivity (Carneiro & Heckman, 2003; Cunha & Heckman, 2007) between training and informal learning investments in the workplace. If training participation encourages informal learning and vice versa, investments in one type of learning could raise the marginal productivity of investments in the other type, in terms of skill accumulation. That is, skills acquired by training and informal learning could boost each other and thus further reinforce the skill development of workers who participate in both types of work-related learning. In our study, we explore the probability of such complementarity and cross-productivity of work-related training playing a part in the skill development of European employees. Hence, the availability of measures of training participation and informal learning as well as skill changes enables us, to some extent, to open the black box in the economic literature and provide additional insight into the transfer of lifelong learning to workers' skills (De Corte, 2003; De Grip & Sauermann, 2013) .
Skill mismatch and Human Capital Investment
Research on job mismatch concentrates mostly on the wage outcomes of overeducation (see Groot, 1996; Hartog, 2000; Chevalier, 2003; Di Pietro & Urwin, 2006; McGuinness, 2006; Dolton & Silles, 2008) . More recently, the literature has exhibited a shift in emphasis from overeducation to skill mismatch (see Chevalier & Lindley, 2009; McGuinness & Wooden, 2009; O'Leary et al., 2009; Green & Zhu, 2010; Mavromaras et al., 2010; McGuinness & Sloane, 2011; Mavromaras & McGuinness, 2012; McGuinness & Byrne, 2014) . These studies have shown that overeducation and overskilling refer to different phenomena and that overeducation may not fully capture the extent to which an individual's skills are utilised at work. Educational attainment does not incorporate any measure of ability 2 or skills acquired through employment, while job entry requirements are imprecise at measuring a job's skill content. Measuring workers' skill mismatch could solve these difficulties by requiring individuals to compare the actual skills requirement of their job with their own skills acquired by either initial education, or training, or informal learning or related to their general ability.
On the one hand, the objective measure of educational mismatch seems statistically superior.
However, apart from being rarely available at the necessary job level, these indicators rely on the symmetry in the distribution of required education along occupations, and have been shown to be rather poorly correlated with skill mismatches (Sloane et al. 1996; Allen & van der Velden, 2001; Green & McIntosh, 2007) . On the other hand, self-reported measures of skill mismatch avoid the symmetry assumption and incorporate more than only formal education but rely on subjective 6 assessments. Although susceptible to measurement error due to subjective bias, skill mismatch is still considered a more adequate and potentially more robust measure of skills underutilisation and overutilisation than educational mismatch is (Linsley, 2005; Mavromaras & McGuinness, 2012) .
The literature on educational and skill mismatches coexists with the empirical literature on wages and training; however, there has been little interaction between the two fields, despite the fact that on-the-job human capital investments could be a response to initial conditions of job-skill mismatch. Economic theory implies this connection in search and matching models in which training is considered a supplement to formal education in the way that it bridges the gap between generic skills acquired through schooling and specific skills required in the workplace (Acemoglu & Pischke, 1999; Arulampalam et al., 2004) . Consequently, training is expected to contribute to the adjustment between workers' potential productivity and the productivity ceiling of the job in which they are employed (Blazquez & Jansen, 2008) .
Models of skill formation have also underlined that, besides skill augmentation, training also plays a critical role in the restoration and replenishment of human capital in the context of skill depreciation (Rosen, 1975; Mincer & Ofek, 1982) . In this regard, empirical studies find that overeducated workers participate less often in training than those who are well matched, whereas undereducated workers participate more often (van Smoorenburg & van der Velden, 2000; Messinis & Olekalns, 2007) . These studies have also found that training helps to close the gap between the actual and required education of undereducated workers through the acquisition of new skills and that training offsets the depreciation of the human capital of overeducated workers. Messinis and Olekalns (2008) find, moreover, that training participation relates to substantial wage benefits for undereducated workers in relation to their well-matched co-workers and enables overeducated employees to reduce the wage penalty associated with the mismatch. The authors also find that these wage returns to training are asymmetric, that is, the undereducated seem to benefit more than those with just the right education, while the overeducated benefit the least.
The question whether the relationship between work-related learning and workers' skill improvement differs by their initial mismatch status has not been analysed in the empirical literature.
A mismatch between employees' skills and the level of their jobs could have important implications on skill returns to investment in both training and informal learning due to several reasons. In comparison with workers in a well-matching job, underskilled and overskilled workers likely have different aims when participating in job-related learning. The former probably need more training and learning to perform at an adequate level in such challenging jobs, whereas the latter may be more likely to invest in learning to keep their skills up-to-date or to counteract skill depreciation, which might not reveal skill improvement per se.
In this respect, our study relates to the literature on human capital depreciation, which has also explored the relation between skill mismatch and skill obsolescence. Building on the 'use it or lose it' hypothesis or the 'atrophy' of a worker's skills by non-use, this literature has shown that overqualified workers who are unable to fully utilise their skills in their job are less able to sustain their cognitive level and are, therefore, more vulnerable to experience skill decline (e.g. De Grip & van Loo, 2002; De Grip et al., 2008) .
If we integrate the preceding evidence on skill depreciation into the standard model of skill formation, 3 the skill returns of further investments in training and informal learning are expected to vary with the workers' job-skill mismatch status. A key feature of the technology of skill development is that skills bolster each other over the life cycle because acquired skills raise both the level and productivity of subsequent learning investments in a multiplier process (Cunha & Heckman, 2007) .
However, these attributes of human capital might be reduced if skills are underutilised in the job or increased if job skill demands are higher. Being underskilled at job entry could serve as a positive context, not only in raising the level of further learning investments but also in the effectiveness of these investments in human capital, given their initial stock of skills. Conversely, being overskilled at job entry could act as a negative context, not only because a worker's initial stock of skills may deteriorate due to non-use, but also because this deterioration may decrease the effectiveness and complementarity of further learning investments in the accumulation of human capital. This is consistent with Cunha and Heckman's (2007) evidence that higher initial stocks of human capital are not productive if they are not followed up by later investments over the life cycle.
This notion of the skill multiplier presented by Cunha and Heckman (2007) enable us to better understand the interaction between work-related human capital investments and the degree of on-thejob utilisation of the initial stock of workers' skills. In comparison with individuals whose acquired skills are appropriately used in their job, those with a higher initial stock of skills than required for their job are expected to have greater skill multiplier potential but, at the same time, lower levels of investment in training and informal learning on the job. According to the technology of skill formation, this implies a lower complementarity of human capital investments and, therefore, a lower marginal productivity of later investments. Conversely, underskilled workers are expected to have a lower skill multiplier potential because of their lower stock of skills compared to what is required in their jobs. These workers could, however, show greater investments in work-related training and informal learning to substitute for their lack of skills needed to perform at an adequate level in their job, which could produce stronger complementarity between human capital investments and hence a higher marginal productivity of later remedial investments in training and informal learning.
There is one more reason to expect that matched and mismatched workers differ in the extent to which their skill development and learning investments are related. The notion that worker motivation fosters a more efficient cognitive acquisition of skills suggests that, among overskilled workers, the productivity of training and learning on the job may be lower if they are generally less motivated and satisfied, as has been shown in the literature (e.g. Hersch, 1991; Verhaest & Omey, 2009; Green & Zhu, 2010) . We build on the theoretical and empirical studies discussed above to 8 explore in more detail the heterogeneity in the relationship between work-related learning and skill development with regard to employees' skill mismatch at job entry.
DATA AND DESCRIPTIVE ANALYSES
Data and Sample
We use data from the European Skills Survey, conducted in 2014 by Cedefop in 28 European countries. The survey was based on a representative sample of the working population aged 24-65 years in each of the participant countries and administered either online or by telephone to 48,676
individuals. 4 The survey provides unique self-reported measures of employees' changes in skill accumulation as well as changes in skill mismatch over years of tenure with the same employer.
Comparable measures are not available from any other large-scale dataset. Furthermore, this survey provides information on both the incidence of training and the intensity of informal learning in the workplace, in addition to other individual, job, and employer characteristics. 5 We restrict our analyses to full-time employees, 6 obtaining a sample of 37,285 individuals. Table A1 in the Appendix shows the sample distribution by country.
Variables and Descriptive Analyses
Table A2 in the Appendix shows the main descriptive statistics of the variables included in our analyses.
Dependent Variable
Our outcome variable, workers' skill development is based on self-assessed changes in skills 7 since the start of their current job. It is derived from the following question: The mean reported skill development is 7.76, with a standard deviation of 1.77. As shown in Table 1 , approximately 86 percent of the individuals in the sample reported that their skills had improved (scores of six to 10), whereas only 14 percent indicated that their skills had stayed the same (score of five) or worsened (scores of one to four).
[Insert Table A2 of the Appendix shows that 62 percent of all employees in our sample participated in training courses at least once since they started their current job, while 57 percent did so during the last 12 months. Among the latter, we observe that 45 percent underwent their training mainly during working hours, while 22 percent did so outside working hours. For 69 percent of the workers, training was fully financed by the employer, whereas 12 percent financed it themselves. As shown in Figure 1 , the density distribution of employees' development of skills shifts to the right when workers participate in training. We also observe this significant difference in the mean value of the variable for skill development by training participation, which is 8.40 for training participants and 7.07 for non-participants. This already indicates a positive relation between training participation and skill development. Table A2 of the Appendix shows that 55 percent of all the employees in our sample stated that they usually or always learned informally on the job, whereas only 4 percent said they were never involved in learning at work. Importantly, as shown in Figure 2 , the density distribution of skill improvement is more concentrated to the right when workers are more often involved in informal learning. Accordingly, the mean value of the variable skill development also varies with the frequency of informal learning on the job. These values are 8.35 and 6.69 for workers who stated that they were always and never involved in informal learning while working,
respectively. This provides first evidence that informal learning is also positively related to workers' skill development. In additional analyses, we differentiate between three types of informal learning by including dummy variables for 1) learning from colleagues and supervisors, 2) learning by trial and error, and 3) learning from self-study.
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[Insert Figure 2 about here]
9 Training participation since the start of the job and during the last 12 months are highly positively correlated (0.67). A total of 81 percent of workers who answered both questions on training participation since job entry and during the last 12 months gave the same answer to both questions. 10 These variables are based on the question 'Since you started your job with your current employer, have you done any of the following…?' Respondents could indicate as many of the following answers as applicable: 'a) your supervisor taught you on-the-job, b) you learned by interacting with colleagues at work, c) you learned at work through trial and error, and d) you learned by yourself (e.g. with the aid of manuals, books, videos or on-line materials)'.
Second, we distinguish between workers who experienced a mismatch at the start of their current job and those who did not. In our sample, 51 percent of all the employees stated they had a good skills match at the start of their jobs, while 24 percent considered themselves initially underskilled and 25 percent considered themselves initially overskilled. As shown in Figure 3 , the distribution of skill development differs between the three different groups in favour of employees who were initially underskilled. We also observe significant differences in the mean value of the variable for skill development by skill mismatch status, which is 7.78 for the well matched, 8.41 for the underskilled, and 7.15 for the overskilled. This descriptive evidence suggests that workers who start a job with fewer skills than required make the largest skills progress when gaining years of tenure.
[Insert Figure 3 about here] Table A2 shows other differences between initially underskilled and overskilled workers. For those who were initially overskilled, a slightly higher proportion is male and higher educated. Moreover, these workers more often have temporary contracts and fewer years of tenure. Furthermore, the table shows a higher percentage of underskilled workers in manufacturing and among professionals, technicians, and workers in crafts and related trades. Overskilled workers are overrepresented in the sales and transportation industries, as well as in the service and sales, and clerical support occupations.
It is worth mentioning that there is no difference in workers' ages between the three skill mismatch groups (mean= 42, standard deviation = 9.8) or in the sizes of the firms that employ them.
It is important to note that underskilled workers participated more often in training and formal education. They also stated they learned more often on an informal basis than well-matched and overskilled workers did. The latter invested the least in their human capital. 11 This may not be surprising, since these workers already had more skills than required in their job. This suggests that 11 Multivariate analyses support these correlations. We find that initially underskilled workers are, on average, 6.8 percentage points more likely to participate in training courses, 4.8 percentage points more likely to engage in informal learning, and more intensively involved in informal learning than well-matched workers by approximately 0.55 of a standard deviation. Conversely, the initially overskilled have a lower probability of training participation (-1.4 percentage points) and a lower probability of taking part in informal learning (-1.6 percentage points) in comparison with workers who started in a wellmatched job. In addition, informal learning intensity is also lower among the overskilled than among well-matched workers by approximately 0.94 of a standard deviation (see Table A4 in the Appendix).
having a job that initially mismatches the skills of workers is related to participation in training as well as informal learning, which could influence workers' skill development.
Control variables
We explicitly include participation in formal education -which led to a higher degree while working for the current employer -as a control variable in our model. This variable measures human capital investments in the form of schooling rather than job-related learning. Formal education is a dummy variable for participation in formal educational programmes resulting in a higher or different educational degree while working for the current employer. We construct this variable by assigning the value one for those who achieved their highest level of education after they started to work with their current employer and zero otherwise. As shown in Table A2 , 14 percent of all employees in our sample participated in formal education while working for their current employer. Formal education also seems to be positively correlated to skill development, a reason to include it as a control variable.
As suggested by human capital theory, we additionally control for age, gender, educational level (low, middle, and high), tenure, type of contract (permanent, fixed-term temporary, agency temporary, and no formal contract), occupation (nine one-digit ISCO categories), industry (10 onedigit ISIC categories), firm size (five categories), and country dummies. Moreover, we include dummies to control for major changes since the start of the job in regards to job position or job task content, 12 working methods, 13 and the need to learn new things 14 , which could affect the relationship of main interest in this paper. We also include a dummy variable that indicates whether the survey was conducted by telephone.
ESTIMATION METHOD
To estimate the relation between employees' job-related learning and skill development, we use ordered probit models. The fact that responses to our dependent variable are concentrated in some categories suggests that the meaning of certain categories is more expansive than others. In this case, OLS estimation is likely to give misleading results (Winship & Mare, 1984; Long, 1997) . Therefore, we consider the self-reported measure of individuals' skill changes as an ordinal structure in which the distances between the categories are unknown and allowed to be unequal.
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(1 by maximising the log-likelihood function subject to > −1 for all k. We use a robust clustered estimator of variance to allow for intragroup correlation at the country level (Wooldridge, 2010).
As described above, our analyses consider interactions between the learning variables L (training, informal learning, and formal education) and the employee's initial skills match ISM. As Norton et al. (2004) , Greene (2010) , and Karaca-Mandic et al. (2011) have shown, the interpretation of interaction terms in linear models does not extend to nonlinear models. Basically, the interaction effect in nonlinear models cannot be evaluated by looking at the sign, magnitude, or statistical significance of the coefficient of the interaction term (Ai &Norton, 2003) . For nonlinear models that include interactions between categorical variables as in this paper, the interaction effect becomes the following discrete double difference:
Some implications need to be taken into account. First, the interaction effects in nonlinear models are conditional on the independent variables. Second, since two additive terms can be either positive or negative, the interaction effects could have opposite signs for different values of covariates and, therefore, the sign of does not necessarily reflect the sign of the interaction effects. Third, even if is zero, the interaction effects could be nonzero. Finally, the statistical significance tests of the interaction terms need to be associated with the entire double difference (Ai & Norton, 2003; Norton et al., 2004) . Taking these implications into account, we compute and report, as suggested by Long and Freese (2014) and Karaca-Mandic et al. (2011) , full interaction marginal effects (crossdifferences) and their statistical significance to correctly interpret our results.
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ESTIMATION RESULTS
Work-Related Learning and Skill Development
We estimate an ordered probit regression for skill development that includes interactions between the work-related learning variables and the employee's initial skills match, as described in the previous section. The resulting coefficients, however, are not directly interpretable (Long, 1997; Greene, 2010; Long & Freese, 2014) . We therefore provide in Table 2 the corresponding average marginal effects (AMEs). 15 To facilitate the interpretation of results, we compute AMEs in four categories: worsened skills (scores zero to four), no or hardly any change in skills (scores five and six), intermediate improvement of skills (scores seven and eight), and high improvement of skills (scores nine and 10).
16
[Insert Table 2 about here]
In line with expectations from human capital theory, the results in Table 2 show that both participation in training and informal learning are significantly and positively associated with employees' skill development. These results also show that the AME of most of the explanatory variables related to the probability of high skill improvement is crucial in the way that it is offset by the distinctive probabilities of being in the other categories, zero to eight. These marginal effects confirm our descriptive results that the probability of high skill improvement is greater for employees who Generally, our results so far suggest that the contribution of informal learning to workers' skill development seems to be larger than that of training participation. To provide more insight into this possibility, we perform an estimation that includes a dummy variable for informal learning 17 instead of 15 The coefficients are shown in Table A3 of the Appendix. This table shows the coefficients of our preferred specification in column (2) next to the resulting coefficients of a regression that does not include the interaction terms in column (1), for comparison purposes only. Our preferred specification (2) is shown to be better for at least two reasons: First, the likelihood ratio test (LR chi 2 = 37.13) evaluated at 10 degrees of freedom is highly significant (Prob>chi 2 = 0.0001), suggesting that the explanatory interaction terms included in the skill development is significant. Second, the difference of 57.1 points in the Bayesian information criterion between the two models provides strong support for the second model. More generally, we observe that the estimated threshold parameters of our models are not equally spread out, implying that the meaning of certain categories is, indeed, more expansive than others (specifically those corresponding to categories five to six, and nine to 10) and, therefore, that nonlinear estimations are more accurate. 16 According to Long and Freese (2014) , having more than two outcomes creates a challenge in summarising the effects of the independent variables in a way that fully reflects key substantive processes without overwhelming and distracting detail. We compute marginal effects in the four categories mentioned based on the criteria that the probabilities in the same group are of the same sign and similar size. 17 This variable takes the value zero if the employee claimed to never be involved in informal learning on the job and takes the value one if the employee claimed to be involved in informal learning either sometimes, usually, or always. the original categorical variable. The predicted probabilities show that, indeed, the relationship of skill development with informal learning on the job is stronger and significantly different than that with training participation (see Panel A of Table A5 in the Appendix). This supports Mincer's (1974) claim that informal learning probably constitutes the major part of human capital investment in the workplace, given that workers likely spend much more time learning by doing in their job than in other training activities.
The results in Table 2 also suggest that the initial job-skill mismatch of workers significantly helps to explain their skill development while in the same job. We find that initially underskilled workers develop their skills more than those who started in a job that matched their skills well.
Conversely, overskilled employees are more likely to experience skill worsening (by 1.5 percentage points) and stagnation (by 4.4 percentage points) than well-matched employees, confirming the evidence on skill depreciation shown by De Grip et al. (2008) .
Regarding the covariates in our model, we find that the marginal probability of workers' skill development decreases with age and is lower for employees who are more educated, for those who have temporary or agency contracts instead of permanent contracts, and for individuals who have experienced a decrease in the need to learn new things since the start of their job. Conversely, it increases with participation in formal education and years of tenure (which compensates for the negative effect of age by approximately three times) and tends to be higher for female employees and for those who have experienced an increasing need for learning or a major change in their job position, job task content, or working process. Other controls indicate that high skill development is less likely for individuals employed in low-skilled occupations.
Heterogeneity by Skill Mismatch Status at Job Entry
As explained in Section 4, we include interaction terms in our main ordered probit model to see whether there is heterogeneity in the relation between job-related learning and workers' skill improvement due to differences in their initial job-skill mismatch status. Since the interpretation of these interactions is not as straightforward as it is for linear models, we compute the corresponding discrete double differences and statistical significance within and between the different skill mismatch statuses of workers. Two types of heterogeneity can be analysed. First, in Table 3 , we show the difference in skill development of those who have been engaged in training or informal learning and those who have not within the same initial job-skill mismatch group.
[Insert Table 3 about here] Table 3 shows that the general findings of Table 2 , that those who participate in training or informal learning show a larger skill development, hold for all workers, independent of their initial skill mismatch status. Compared to workers with the same initial skill mismatch status, those who participated in training or informal learning are more likely to improve their skills than those who have not been involved in any learning activity. Nonetheless, there seems to be some heterogeneity in the 15 magnitude of these relationships, particularly among workers with a job above their skill level. We find that these latter individuals do not show any significant difference in their skill improvement if they never participate in informal learning or if they do so only occasionally. Moreover, the association between their skill improvement and informal learning on a usual basis is shown to be weaker than -and significant with only 90 percent of confidence -within the well-matched and overskilled groups. This result suggests that informal learning needs to take place more often among underskilled employees to increase their probability of skill progress. Further analyses show that, within this group of underskilled employees, the relation of skill development with training is actually greater than that with informal learning, which is exactly the opposite within workers in a wellmatching job or a job below their skill level (see Panel B of Table A5 in the Appendix).
Remarkably, Table 3 also indicates that within the initially overskilled employees, training and informal learning are positively associated with their skill development. For instance, overskilled workers who participate in training or always engage in informal learning are, respectively, 8.9 and 20.6 percentage points more likely to develop their skills highly than overskilled workers who do not participate in training or who never engage in informal learning on the job. This could be because overskilled employees who invest in the development of their human capital acquire new skills that are different from those they have previously accumulated (e.g. non-technical or non-cognitive skills) or are more functional in offsetting skill depreciation. The latter explanation could be inferred from the significantly larger probabilities for overskilled workers in the skill change categories scored zero to four, and five and six (i.e. skill decline and more or less stable skills) in all types of learning. Table 4 , we show the actual interaction effects, that is, the differences in skill development between well-matched and underskilled employees who participated in work-related learning, on the one hand, and between well-matched and overskilled employees who participated in work-related learning, on the other hand. These are the actual interaction results, which need to be interpreted simultaneously with the AMEs for well-matched workers, the reference category, shown in the first panel of Table 3 .
Second, in
[Insert Table 4 
about here]
Altogether, these results clearly show differences between workers who started in a job that matched their skills well and those who started in a job at a level either above or below their own skill level. In comparison with well-matched employees, the strength of the relationship between workers' skill development and their participation in training or informal learning is stronger for those who were initially underskilled and weaker for those who were initially overskilled. For instance, underskilled employees who participated in training are 10.7 percentage points more likely to be in the two highest categories of skill development (nine to 10) than well-matched workers with similar learning investments. Similarly, underskilled workers who are always learning informally on the job are 11.2 percentage points more likely to improve their skills highly. This suggests that, for underskilled workers, who are probably employed in a more demanding job, participation in training or informal 16 learning on the job is more favourable for their skill development. This could be due to richer learning opportunities at work and greater interest in maintaining their jobs (De Grip et al., 2008) .
Conversely, overskilled employees who participated in training are, on average, 6.6 percentage points less likely to be in the two highest categories of skill development than similar workers in a well-matching job are. This implies, at the same time, that overskilled employees who participate in training are 1.1 percentage points more likely to experience skill depreciation (category zero to four) and 4 percentage points more likely to face stagnation in their skills (category five to six) than trained matched workers are. We find a similar pattern for informal learning. Compared to wellmatched workers with similar learning investments, overskilled employees who report that they always learn informally in their job are 5.8 percentage points less likely to improve their skills highly, which implies that, at the same time, they are 0.1 percentage points more likely to experience skill worsening and 3.7 percentage points more likely to face skill stagnation.
This does not mean that learning has a negative impact on the skill accumulation of overskilled workers but that the positive relation is much weaker than it is for workers in a wellmatching job. For example, whereas well-matched employees who participate in training and who are always learning informally have average probabilities of high skill development of 8.5 percent and 17.2 percent, respectively, the same probabilities for overskilled employees are, on average, 1.9 (8.5 minus 6.6) percent and 11.4 (17.2 minus 5.8) percent, respectively. This result suggests that training and informal learning on the job are much less beneficial for overskilled workers than for those who are employed in a well-matching job. Nonetheless, the more often overskilled workers engage in training or informal learning, the lower their probability of skill decline and stagnation. This result again suggests that the learning investments of overskilled workers are more functional in preventing skill depreciation than in fostering skill accumulation.
Robustness of the Main Results
Whereas the data we use are unique in their wide range of information about workers' skill development, learning participation, and initial mismatch status, there are also some drawbacks that could affect the precision of our estimates. In this section, we discuss the issues of endogeneity (omitted variables and measurement error) and the use and timing of self-reported measures as possible sources of bias. We argue that the probability of these potential sources of bias undermining the inferences and plausibility of the empirical findings of our study is very low.
Endogeneity problems
The most important concern is the endogeneity in our model due to omitted variable bias and possible measurement error. First, unobservable characteristics such as ability and motivation may affect employees' learning participation decisions as well as their own perceived levels of skill improvement.
For instance, if highly motivated workers are more likely to participate in training and informal learning and also tend to see greater improvement in their skill levels, our results would be affected by a positive bias. However, the ability bias is expected to be negative, since more able individuals will tend to invest more in their human capital on the job but will also observe generally lower skill improvement, given the diminishing marginal utility of these investments. This would mean that our estimation results show a lower bound of the true effects.
Omitted variable bias might also arise because workers' own assessment of the (mis)match situation at job entry could vary with their personality traits, such as their degree of self-confidence.
For example, individuals who are more confident about themselves will less often report an initial underskilled mismatch but might, simultaneously, be more likely to overestimate their own skill improvement. If these hypotheses are correct, then our results underestimate the true effects. Similarly, if individuals of higher ability are typically selected into well-matching or skill-challenging jobs, the expected endogeneity bias will also be negative. The opposite, however, would be expected with respect to omitted information on motivation.
Although the preceding analysis suggests more reasons to consider a negative bias for our results, it is not obvious how all these sources of endogeneity will balance out in an empirical approach. To provide some insight into these issues, we perform robustness analyses, taking into account the information on worker attitudes that is available in our dataset, that is, learning motivation and the importance of career development opportunities for respondents in the acceptance of their current job.
18 Table 5 presents the main results.
Panel A of Table 5 shows that, as expected, learning motivation is significantly and positively related to workers' skill development. However, including this confounder does not substantially change our main estimation results, which remain significant and of similar magnitude as those in Table 2 . 19 Similarly, the estimation results in Panel B show that the importance workers gave to career development opportunities in accepting their current job is also positively associated with their skill development. Nevertheless, the predicted probabilities for training and informal learning remain positive and significant in this specification, indicating that our main findings remain the same when we account for workers' attitude towards career development opportunities. 20 These results all hold for overskilled, underskilled, and well-matched employees.
21
[Insert Table 5 about here] 18 The variable for learning motivation is a standardised index derived from the question 'On a scale from 0 to 10, where 0 is strongly disagree and 10 strongly agree, please indicate to what extent do you agree or disagree with the following statements: a) I enjoy learning for its own sake, b) I try to relate learning to practical issues, and c) I prefer to have others plan my learning'. The variable for career development opportunities is derived from the question 'Before you started working for your current employer, how important, if at all, were the opportunities for job career development in your decision to accept the job? Please use a scale of 0 to 10 where 0 means not at all important, 5 means moderately important and 10 means essential'. 19 Although this holds for all workers with low or high learning motivation, we observe that workers with stronger learning motivation show a greater skills increase in relation to both training and informal learning. 20 Although this holds for all workers who responded with low or high importance to their job career development opportunities, we observe that workers who considered career opportunities more important in accepting the job show a greater skills increase in relation to both training and informal learning. 21 Detailed tables of results within and across skill mismatch statuses are available upon request.
18
Measurement error and the timing of self-assessed variables A second concern is the possible bias of our results due to systematic measurement errors in the selfassessed measures we use for our analyses. Our main dependent variable, skill development, and our key moderator variable in the model, initial skill mismatch status, are subjective self-assessments of workers based on a retrospective appraisal of the period since the respondent started the current job.
The use of subjective data for research in topics such as this is legitimate, particularly given the difficulty of obtaining objective indicators for these variables. However, there are two major possible problems with these data. First, the self-assessed information could involve recall error. We consider that the magnitude of this type of measurement error is likely to differ across respondents due to the variation of time elapsed since job entry. Second, it could be possible that a worker's skill development took place before the worker participated in on-the-job learning. We attempt to capture these two potential problems by estimating our main model for workers with different tenure. The idea behind these robustness analyses is that the degree to which recall bias or the reverse order of skill development and on-the-job learning most likely depends on the time elapsed since the start of the job.
We therefore first estimate for each additional year of tenure the corresponding probability of high skill improvement (i.e. categories nine to 10 of our dependent variable) in relation to both training and informal learning. Figure 4 shows the estimation results evaluated over years of tenure.
The left-hand side represents the AMEs of training and the right-hand side the AMEs of (sometimes and always) informal learning. We observe that, for both forms of learning, the predicted marginal probabilities of high skill improvement are, as expected, slightly increasing during the first period (six years) of tenure and then continue in a constant pattern until the later years of tenure. Nonetheless, the confidence intervals show that the point estimates for the various years of tenure are not significantly different from each other. This suggests that potential sources of bias due to systematic measurement error have not influenced our main results. This result also holds for the heterogeneity of our main findings between overskilled, underskilled, and well-matched employees, as shown in Figure A1 and Figure A2 in the Appendix.
[Insert Figure 4 about here]
Second, we assess the accuracy of our main results by comparing them with estimation results on more selective samples of workers for whom the recall bias and/or the reverse order of skill development and on-the-job learning could be considered to be at a minimum. These are workers with shorter periods of job tenure or those who have finished formal education more recently and are relatively younger. We present the corresponding results in Table 6 . This table shows that the estimation results are similar in magnitude and significance to our main results in Table 2 . This suggests that, although a bias due to measurement error in self-assessed variables could be important for the precision of measuring the true effects, this bias is not likely to be large enough to challenge the plausibility of our findings.
[Insert Table 6 about here]
Additional Evidence on Job-Related Human Capital Investments and Skill Development
In this section, we analyse whether there are any differences in the relevance of different types of training and informal learning for workers' skill development. First, we distinguish between training participation during and outside working hours, and between training paid by the employer and by the employee. Second, we distinguish between informal learning from others (co-workers and supervisors), informal learning by trial and error, and informal leaning by self-study.
Different types of training
The results in Panel A of Table 7 show some heterogeneity with regards to different types of training for workers with a different mismatch status. We observe that employees in a well-matching job who followed training courses during working hours show greater improvement in their skills than those who participated in training outside working hours. For underskilled employees, the contribution of training outside working hours does not seem to be significant, whereas among overskilled workers the difference between training during and outside working hours is much lower (and statistically insignificant) in comparison with the other two groups of workers. Concerning the main funding sources of training, we find that, for well-matched and underskilled employees, the contribution of training paid by the employer to their skill development seems to be larger than that of training paid by the employees themselves. Conversely, we again observe that, among overskilled workers, the difference between training paid by the employer and training paid by the employee is lower and statistically insignificant.
This heterogeneity could arise from differences in the relevance of the training content for workers with a different (mis)match. 22 Since overskilled workers participate more often than others in training outside working hours and financed by themselves, it is plausible that they consider the investment in this training to be more general and useful to improve or update skills they do not use in their job. This could provide them with more opportunities to find a better job match in their current or other firms. This could explain why, in Panel B of Table 7 , training outside working hours and training paid by the employee seem to be as useful for the skill development of overskilled workers as it is for the well-matched, whereas training during working hours and training paid by the employer appear to be less beneficial for the former group. Lastly, Panel B of Table 7 also suggests that, in comparison with employees in a well-matching job, training participation seems to be more beneficial for underskilled workers, regardless of the funding source and whether it occurs during or outside working time.
[Insert Table 7 about here]
Different types of informal learning
To analyse whether there are any differences in the relevance of different types of informal learning for workers' skill development, we distinguish between informal learning from others (co-workers and supervisors), informal learning by trial and error, or learning by doing, and informal leaning by selfstudy. Since the question for the different types of informal learning was only asked to those who reported a positive skill change (i.e. categories scoring six to 10), here we can use a sample of only 31,385 observations. The results in Table 8 show that, indeed, the relation between informal learning and skill improvement differs with the type of informal learning and it is heterogeneous across employees with different initial skill mismatch situations. We find, as shown in Panel A of Table 8 , that, for workers in well-matching jobs, informal learning from colleagues and supervisors seems to contribute to their skill improvement as much as informal learning by trial and error and self-study.
Underskilled workers, however, show greater skill improvement when learning by self-study than when learning from others, while there does not seem to be any significant difference in skill improvement between those who are involved in learning by trial and error and those who are not. In contrast, for the skill improvement of overskilled workers, informal learning from colleagues and supervisors seems to be as important as learning by doing, whereas learning by self-study does not make any significant contribution. 23 Panel B of Table 8 again shows that, in comparison with wellmatched workers with similar informal learning participation, the relation between skill development and all three types of informal learning is stronger among workers with a job above their skill levels, and weaker for those with a job below their skill level.
[Insert Table 8 about here]
On-the-job Learning Complementarity and Workers' Skill Development
In this section we raise the question whether or not the complementarity (or substitutability) between training and informal learning at work is related to the development of workers' skills.
First, we examine whether there is complementarity or substitution between training and informal learning. The estimation results of a multivariate analysis show that, as expected, training and informal learning on the job complement each other (see Table 9 ). 24 This complementarity holds for all well-matched, underskilled, and overskilled workers, although the strength of this complementarity differs between the three skill-mismatch groups (see Tables A6 and A7 in the Appendix). In comparison with initially well-matched workers, the complementarity is stronger among those who were initially underskilled for their job and slightly weaker but still positive among initially overskilled employees.
[Insert Table 9 about here] Second, to find out whether this complementarity plays a role in workers' skill development, we introduce interaction terms between the work-related learning variables in our main model and estimate the corresponding AMEs of training and informal learning conditionally evaluated on each 21
other. This allows us to assess if the investment in each type of learning is related to any additional increase in the probability of skill improvement when the worker also engages in the other type of learning and if the probability of skill improvement increases further when the worker engages in both forms of learning. Panel A of Table 10 shows that this is indeed the case. For example, on average, the probability of a high improvement of skills associated with training participation increases from 6.9 to 9.5 percentage points if the worker always participates in informal learning instead of never doing so. 25 The same holds for the skill development likelihood related to informal learning; it is significantly higher if workers also participate in training. This result suggests that training and informal learning provide workers with complementary skills rather than substitutable skills.
Moreover, this complementarity appears to favour their skill accumulation. The interaction outcome shown in Panel B of Table 10 indicates that the probability of a high improvement of skills when employees engage in both types of work-related learning (0.250) is significantly higher than the sum (0.224) of the partial contributions of training (0.069) and informal learning (0.155) if workers participate in only one of these forms of learning. 26 Consistent with Cunha and Hekman's (2007) notions of direct complementarity and cross-productivity, the complementarity between training and informal learning is positively related to a significant additional improvement of workers' skills. This suggests that not only training participation encourages informal learning and vice versa, but also the skills acquired through both forms of work-related learning seem to boost each other in a multiplier process that further reinforces the skill development of workers who participate in both types of workrelated learning.
[Insert Table 10 about here]
Heterogeneity in Learning Complementarity and Workers' Skill Development
To assess if the additional improvement of skills associated with the complementarity between training and informal learning holds to the same extent for initially well-matched, underskilled, and overskilled employees, we estimate the AMEs of a three-way interaction term between the two forms of learning and the indicator for the initial skill mismatch in our main model. In Table 11 we present the most relevant estimation results. 27 The table shows that the complementarity between training and informal learning relates to additional gains in skill development only for initially well-matched 28 and overskilled 29 workers. Although training and informal learning are both associated with greater 25 This difference (0.026) is significant with 99 percent confidence (Chi 2 (1) = 51.3, p = 0.000). This is equivalent to the statistical difference (0.026) between the probability of a high improvement of skills associated with informal learning 'always' if workers also participate in training (0.181) and if they do not participate in training (0.155). This latter difference is also significant with 99 percent confidence (Chi 2 (1) = 35.9, p = 0.000). 26 This difference (0.026) is significant with 99 percent confidence (Chi 2 (1) = 127.1, p = 0.000) and equal to the corresponding difference between the conditional contributions of training and informal learning, as explained in footnote 25. 27 Complete tables are available upon request. 28 For workers in an initially well-matching job, the probability of a high improvement of skills when they engage in both types of work-related learning (0.253) is higher than the sum (0.232) of the partial contributions of training (0.073) and informal learning (0.159). The difference (0.021) is significant with 99 percent confidence (Chi 2 (1) = 96.7 p = 0.000). 29 For initially overskilled workers, the probability of a high improvement of skills when they engage in both types of workrelated learning (0.289) is higher than the sum (0.255) of the partial contributions of training (0.070) and informal learning (0.187). The difference (0.032) is significant with 99 percent confidence (Chi 2 (1) = 159.6, p = 0.000).
improvement in the skills of underskilled workers, the complementarity between these two types of learning does not seem to add any further to that skill improvement. 30 If we extend the analysis of Cunha and Heckman (2007) to the workplace, as presented in Section 2.2, our findings are consistent with their notion of the skills multiplier. In their model, more complementarity of human capital implies greater productivity of new investments but, as the degree of complementarity increases, the role of the skill multiplier decreases. According to our findings, this holds for all three job-skill (mis)match groups in our analysis. Together, the results of Sections 5.1 and 5.2 suggest that having a higher initial stock of skills than required for the job implies a greater skill multiplier potential.
However, this potential seems to be hampered by the tendency of overskilled workers to participate much less in both training and informal learning, in comparison to workers in a well-matching job.
This situation not only seems to diminish the complementarity of human capital among overskilled workers, but also relates to a lower probability of developing their skills. Conversely, in comparison to well-matched workers, those who were initially underskilled show a higher complementarity of human capital as they participate more often in training and informal learning, which seems to compensate for their disadvantage in the skill multiplier potential. This suggests that work-related learning helps in reducing the initial skill gap of underskilled workers. However, as implied by Carneiro and Heckman (2003) , this learning could be more costly due to (1) the greater need for complementary investments in both training and informal learning to compensate for their initial disadvantage and (2) our finding that their lower initial stock of job skills seems to weaken the multiplier potential of these investments for their skill development. Nevertheless, initially underskilled workers still show the greatest improvement in skills among all workers who invest in their human capital while on the job.
[Insert Table 11 about here]
CONCLUSIONS
In this paper, we have analysed the extent to which training and informal learning on the job are related to the skill development of workers in 28 European countries. Consistent with assumptions from human capital theory, we find that employees who have been involved in training and informal learning show greater improvement of their skills. In line with Mincer's (1974) claim, we find that informal learning is more strongly related to the improvement of workers' skills than training participation is. However, this does not mean that participation in training is not important. Training and informal learning are shown to be complementary and this complementarity seems to further favour workers' skill development, since we find that those who participate in both forms of learning show a significant additional improvement of their skills. This is likely explained by the complementarity and cross-productivity between investments in human capital and their impact in the multiplier process of skills (Cunha & Heckman, 2007) that can also occur in the workplace, making the skills acquired by training and informal learning mutually-reinforcing.
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We also analysed the heterogeneity in the relation between the two forms of job-related learning and workers' skill development with respect to their initial skill mismatch status. First, our results show that workers who participate in training or informal learning are more likely to improve their skills considerably than those with the same initial skill mismatch status who have not been involved in any learning activity. This result suggests that on-the-job learning helps improve the skills of both matched and mismatched workers. Second, compared to those who started in a job that matched well their skills, the skill development of underskilled workers appears to benefit the most from both training and informal learning, whereas the skill development of the overskilled benefits the least. In particular, human capital investments in the latter group seem to be more functional in offsetting skill depreciation and preserving their skill levels than in fostering skill accumulation.
The finding that underskilled employees who participate in training and informal learning show the largest increase in their skills suggests that human capital investments on the job could help to improve the job-skill match of these workers by closing the gap between their initial skill levels and the skills required in the workplace (Arulampalam et al., 2004) . This could be motivated by a greater interest of these employees in maintaining their job or by richer learning opportunities offered at work (De Grip et al., 2008) . In contrast, the finding that overskilled workers have the lowest probabilities of skill improvement and participation in both training and informal learning suggests that work-related human capital investments for these workers could be more relevant in maintaining the skills they do not use in their job or as a mitigating factor counteracting skill obsolescence (Mincer & Ofek, 1982; De Grip & van Loo, 2002) , which could provide them with prospects to find a better job match in the current firm or other firms. It is, therefore, important to recognise the overskilled workers' need to participate in training and informal learning, even though they have the least increase in skills.
In our study, we find further heterogeneity across workers with a different job-skill (mis)matches regarding the (1) complementary of human capital investments and (2) the multiplier potential of these investments for their skill development. On the one hand, overskilled workers are shown to have a greater skill multiplier potential but, at the same time, significantly lower rates of participation in both training and informal learning and lesser complementarity between these human capital investments than employees in a well-matching job. Accordingly, initially overskilled workers show the lowest probabilities of skill improvement. On the other hand, underskilled workers are more likely to participate in both training and informal learning and show greater complementarities between these human capital investments, which seems to compensate for the disadvantage in the skills multiplier potential, given their lower stock of job-skill in comparison with well-matched employees. Underskilled workers therefore show the greatest probabilities of skill improvement among all workers who participate in work-related learning.
Our study then suggests that the interaction between work-related human capital investments and the utilisation of workers' initial stock of skills in their job plays an important role in the process of skill development. According to the literature on skills formation (e.g. Cunha & Heckman, 2007) as well as the literature on skill obsolescence (e.g. Mincer & Ofek, 1982 , De Grip & van Loo, 2002 , being overskilled at job entry could be a negative context, not only because a worker's initial stock of skills may deteriorate due to non-use, but also because this deterioration may decrease the productivity and complementarity of further learning investments in the process of human capital accumulation. In contrast, being underskilled could be a positive context to raise the level and productivity of further learning investments. However, as implied by Carneiro and Heckman (2003) , the elimination of the skill gap of these workers might be more costly due to the greater need for complementary investments in both training and informal learning and because their lower initial stock of job skills seems to weaken the multiplier potential of these investments in comparison with workers whose skills better match their job requirements.
Since lifelong learning and workers' skill development are essential for the productivity of firms with rapidly changing skill demands and for economic progress (World Economic Forum, 2014) , knowledge about heterogeneities in the role of training and informal learning in workers' skill development with respect to their initial skill mismatch is crucial to make efficient decisions on human capital investments. Optimal decisions on investment in lifelong learning could contribute to reduce the misalignment between workers' potential productivity and the optimal productivity of their jobs. In this respect, it is important that more -in particular longitudinal -research be done on the causal effects of both formal training and informal learning on workers' skill development taking into account the basis and extent of the skill (mis)match they face in their jobs. This table shows AMEs computed on the ordered probit specification (2) in Table A3 in the Appendix.
TABLES AND FIGURES
The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7-8), and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. Table A3 in the Appendix. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7-8), and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. Table A3 in the   29 Appendix. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7) (8) , and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. This table shows AMEs computed on an ordered probit specification similar to column (2) in Table A3 in the Appendix that includes a variable for learning attitude (Panel A) and a variable for the importance of career development opportunities to accept the job at the first place (in Panel B). The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7-8), and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 29,018 (Panel A). N=37,285 (Panel B). Table 6 . AMEs of work-related learning on workers' skill development (cat. 9-10) This table shows AMEs computed on an ordered probit specification similar to column (2) in Table A3 in the Appendix that restricts the corresponding sample to workers with the characteristics mentioned in the column heading. Tenure refers to the time (in years) that the individual has been working for the current employer. Left education refers to the time (in years) elapsed since the worker obtained his highest educational degree. Since several people finished education while working, in columns (6) and (7) we further restrict the sample combining the criterion on time elapsed since the worker finished formal education with a criterion on age. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7) (8) , and high improvement (9-10). This table shows the AME only for the last category, that is, high improvement of skills. The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. This table shows AMEs computed on an ordered probit regression similar to specification (2) in Table 2 that includes a categorical variable that distinguishes either between training during and outside regular working hours or between training financed by the employer and the employee. Workers who did not participate in any training are the reference category in both cases. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7) (8) , and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 36,477. Table 2 that includes three dummy variables to account for the three different types of informal learning. Since the question for the different types of informal learning was only asked to those who reported a positive skill change, the dependent variable skill change in this regression only takes values from six to 10. The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01. N = 31,385. Table   2 that includes a third-way interaction term between the learning variables and the initial skill mismatch indicator. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7-8), and high improvement (9-10). Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. (31, 954) . It is because the respective questions were only asked to respondents who reported a positive skill change in our dependent variable (i.e. above category 5 in the 0-10 scale). Specification (1) gives the coefficients of the regression without interacting the learning variables and the workers' skill mismatch status, and specification (2) includes these interactions. The dependent variable skill change is measured from categories zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). Other controls include dummies for changes in job-position and/or task content, the working process and the need of learning new things since the start of the job as well as dummies for type of contract, occupation, industry, firm size, country and survey answered by phone. Standard errors clustered at country level are shown in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. Table A3 that includes a dummy variable for IL instead of the original categorical variable. The dependent variable skill change is measured by 11 ordinal categories from zero to 10 (0= skills have worsened a lot, 5= skills have stayed the same, 10= skills have improved a lot). AMEs on skill change are grouped into four categories: worsened (0-4), no or hardly any change (5-6), intermediate improvement (7) (8) , and high improvement (9-10). The AME for categorical variables is the discrete change from the base level. Standard errors clustered at country level are shown in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01. N = 37,285. 
